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Diversos estudos teóricos, experimentais e observacionais têm demonstrado que as relações 2 
entre a biodiversidade e as funções ecossistêmicas (BEF) são determinadas pela estrutura 3 
funcional da comunidade (ou seja, pela distribuição dos atributos das suas espécies 4 
constituintes). Isso pode ocorrer por meio de dois mecanismos mutuamente não exclusivos: (1) 5 
a hipótese de dominância (também denominada de efeito de relação de massa), na qual os 6 
processos ecossistêmicos são influenciados pela média ponderada na comunidade de um dado 7 
atributo funcional  (CWM) considerado relevante; (2) a hipótese de complementaridade, na qual 8 
a maior variabilidade de um atributo funcional na comunidade (FD) é uma expressão da 9 
complementariedade de nicho, o que beneficia o desempenho dos processos ecossistêmicos. 10 
Embora ambos os mecanismos já tenham sido amplamente estudados em comunidades de 11 
plantas em pequenas escalas espaciais, análises globais considerando distintos biomas ainda são 12 
necessárias. Neste estudo, a relação entre biodiversidade e funcionamento dos ecossistemas foi 13 
avaliada com base na integração entre uma base de dados global de parcelas de vegetação 14 
(sPlot), uma base de dados de atributos de espécies de plantas (TRY) e dados do Índice de 15 
Vegetação por Diferença Normalizada (NDVI) obtidos por sensoriamento remoto. O objetivo foi 16 
verificar, simultaneamente, os efeitos de dominância e de complementaridade sobre a 17 
produção de biomassa vegetal em ecossistemas campestres em todo o mundo. Os dados sobre 18 
a estrutura funcional das comunidades (CWM e FD) foram obtidos a partir da base de dados 19 
sPLOT e TRY, utilizando para isso 18 atributos funcionais de plantas ecologicamente relevantes. 20 
O NDVI, considerado como aproximação da produtividade da vegetação, representa uma 21 
medida do funcionamento do ecossistema e foi obtido a partir do produto MOD13Q do sensor 22 
MODIS, com resolução espacial de 250m. Para garantir que as medidas de NDVI fossem 23 
derivadas apenas de ecossistemas campestres, sem a interferência de outras fisionomias 24 
vegetais, foram descartadas as parcelas do sPlot com presença de paisagens heterogêneas no 25 
seu entorno mediante consulta a um mapa global de cobertura e uso da terra (Globcover2009). 26 
Para quantificar os efeitos independentes da dominância e da complementariedade sobre as 27 
variações no NDVI , com controle das variáveis climáticas, foi utilizada uma análise de regressão 28 
múltipla do tipo commonality. Os resultados demonstraram que o principal preditor da variação 29 
no NDVI correspondeu a um conjunto de atributos funcionais das espécies dominantes 30 
relacionados com o espectro de economia da comunidade vegetal (atributos fast-slow), 31 
indicando a prevalência da hipótese de dominância (R2 ajustado = 0,65).  Os efeitos evidentes 32 
da dominância e os efeitos potenciais da complementariedade são discutidos no contexto da 33 
sua relação com os fatores abióticos, sendo que a precipitação pluviométrica, em particular, 34 
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parece ter maior influência tanto sobre a composição de atributos quanto sobre a 35 
produtividade. Apesar de algumas limitações metodológicas, a abordagem inovadora utilizada 36 
neste trabalho pode ajudar a esclarecer as relações entre biodiversidade e funções 37 
ecossistêmicas em escala global, dentro de uma perspectiva integradora e baseada em dados.  38 
Palavras-chave: atributos funcionais, ecologia funcional, biodiversidade e funções 39 




Theoretical, experimental and observational studies show that biodiversity ecosystem 42 
functioning (BEF) relationships are determined by functional community structure (i.e. trait 43 
distributions in a community) through two mutually non-exclusive mechanisms: (1) The 44 
dominance hypothesis (a.k.a. mass ratio effect) links ecosystem processes to the community 45 
weighted mean (CWM) of a relevant effect trait. (2) The complementarity hypothesis states that 46 
higher variability of a trait value within a community (FD) reflects niche complementarity 47 
enhancing ecosystem processes. While both mechanisms have been extensively studied in plant 48 
communities at small spatial scales, there is a need for global analyses across biomes. Here, a 49 
data driven approach to the BEF question is presented integrating a global vegetation plot 50 
database with a trait database and remotely sensed NDVI. The objective of this study was to 51 
simultaneously evaluate dominance and complementarity effects in grassland systems 52 
worldwide. Data on functional community structure (CWM and FD) were obtained from the 53 
global vegetation plot database sPlot in combination with the plant trait database TRY using 18 54 
ecologically relevant plant traits. Ecosystem functioning at the selected sPlot sites (n = 2941) 55 
was measured as NDVI at a spatial resolution of 250m using the MODIS product MOD13Q 56 
(annual peak NDVI being a proxy of productivity). The landcover map Globcover2009 was used 57 
for characterization of landscape heterogeneity and landcover at each site, and plots in 58 
heterogeneous non-grassland pixels were discarded. Multiple regression commonality analysis 59 
was used to disentangle the contributions of complementarity and dominance effects to the 60 
variation in NDVI, while controlling for climate variables (adjusted R2 = 0.65). The results show 61 
that a plant community economics spectrum referring to the “fast-slow traits” of the dominant 62 
species in the community was the strongest predictor of the NDVI values in the grassland 63 
systems (dominance effect). Both, evident dominance and potential complementarity effects 64 
are discussed against the background of their interplay with abiotic factors and it is noted that 65 
especially precipitation seems to drive trait composition and productivity. Despite 66 
methodological shortcomings, the novel approach presented in this paper is considered a step 67 
towards a more integrative data-driven BEF debate at the global scale. 68 
Keywords: plant functional ecology, biodiversity ecosystem functioning, remote sensing, sPlot, 69 





Theoretische, experimentelle und beobachtende Studien zeigen, dass Beziehungen zwischen 73 
Biodiversität und Ökosystemfunktionen (BEF) von funktioneller Gemeinschaftsstruktur 74 
bestimmt sind und dass dabei zwei sich gegenseitig nicht ausschließende Mechanismen eine 75 
Rolle spielen: (1) Die Dominanzhypothese (Massenverhältniseffekt) stellt einen Zusammenhang 76 
zwischen den durch Artenabundanz gewichteten Mittelwert von Effektmerkmalen in der 77 
Gemeinschaft (CWM) und Ökosystemprozessen her. (2) Die Nischen-Komplementarität-78 
Hypothese beschreibt, dass eine höhere Variabilität eines Merkmals innerhalb einer 79 
Gemeinschaft (FD) komplementäre Nischen widerspiegelt, die zu einer effizienteren 80 
Ressourcennutzung führen and dadurch Ökosystemprozesse verbessern. Während beide 81 
Mechanismen in Pflanzengemeinschaften auf kleinen räumlichen Skalen umfassend untersucht 82 
wurden, besteht ein Bedarf an globalen Analysen über Biomgrenzen hinweg. Hier wird ein 83 
datengetriebener Ansatz für die BEF-Frage vorgestellt, der eine globale Vegetationsdatenbank 84 
mit einer Datenbank für Pflanzenmerkmale und Fernerkundung integriert. Ziel dieser Studie war 85 
es, Dominanz- und Komplementaritätseffekte in Grünlandsystemen weltweit zu bewerten. Die 86 
Daten zur funktionellen Gemeinschaftsstruktur (CWM und FD) wurden aus der globalen 87 
Vegetationsdatenbank sPlot in Kombination mit der Merkmaldatenbank TRY mit 18 ökologisch 88 
relevanten Pflanzenmerkmalen gewonnen. Ökosystemfunktionen wurden an den ausgewählten 89 
sPlot-Standorten (n = 2941) bei einer räumlichen Körnung von 250 m als jährliches NDVI 90 
maximum mit dem MODIS-Produkt MOD13Q gemessen, das als Proxy für Produktivität gilt. Es 91 
wurde eine Kommunalitätsegressionsanalyse verwendet, um die Wirkungen von Dominanz- und 92 
Komplementaritätseffekten auf die Variation des NDVI bei Berücksichtigung von Klimafaktoren 93 
zu entwinden (adjusted R2 = 0.65). Die Ergebnisse zeigen, dass ein plant community economics 94 
spectrum, das die "schnell-langsam-Merkmale" der dominanten Arten in der Gemeinschaft 95 
beschreibt, der stärkste Prädiktor für die NDVI-Werte in den Grünland-Systemen war 96 
(Dominanz-Effekt). Sowohl offensichtliche Dominanz- als auch potenzielle 97 
Komplementaritätseffekte werden vor dem Hintergrund ihres Zusammenspiels mit abiotischen 98 
Faktoren diskutiert und es wird gezeigt, dass vor allem Niederschlag die Merkmalsverteilung und 99 
Produktivität zu bestimmen scheint. Trotz methodischer Mängel wird der neuartige Ansatz, der 100 
in hier vorgestellt wird, als ein Schritt zu einer integrativeren datengesteuerten BEF-Debatte auf 101 
globaler Ebene betrachtet. 102 
Schlüsselwörter: Funktionelle Pflanzenökologie, Ökosystemfunktionen, Fernerkundung, sPlot, 103 
Grünland, globale Ökologie, plant community economics spectrum.  104 
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The question of how biodiversity influences ecosystem functions, such as biomass production 147 
and biogeochemical cycling, has been a widely discussed topic for decades (Hooper et al. 2005), 148 
often referred to as the biodiversity ecosystem functioning (BEF) debate. In the face of an 149 
ongoing global biodiversity crisis (Ceballos et al. 2015; McGill et al. 2015), researchers have been 150 
trying to understand how changes in diversity and composition of biological communities 151 
(especially primary producers) affect ecosystem processes and services, and have provided 152 
strong evidence that productivity tends to increase with species richness (Cardinale et al. 2011). 153 
To understand the mechanistic basis of this relationship the focus of BEF research has moved on 154 
to investigating how functional characteristics of species in a system rather than species richness 155 
per se drive ecosystem processes (Díaz & Cabido 2001; Cadotte, Carscadden & Mirotchnick 156 
2011; Cadotte, Albert & Walker 2013; Dias et al. 2013; Lavorel 2013; Ebeling et al. 2014). Species 157 
traits have been recognised as the key to understanding both, the responses of species to 158 
environmental factors (response traits) and the effect they have on ecosystem processes (effect 159 
traits) (Lavorel & Garnier 2002). Trait-based approaches have offered two main hypotheses for 160 
a mechanistic explanation of how functional community structure (i.e. the distribution of trait 161 
values measured in a given community; Garnier, Navas & Grigulis 2016) influences ecosystem 162 
functioning: The dominance hypothesis (also “mass ratio hypothesis”) states that ecosystem 163 
processes are primarily determined by effect traits of the dominant species in a community 164 
(Grime 1998) which emphasizes the importance of the abundance weighted mean of the 165 
species’ effect traits (Garnier 2004). The complementarity hypothesis, in contrast, refers to the 166 
variation of a trait value within a community. It suggests that a higher range of trait values (i.e. 167 
functional diversity) reflects niche complementarity allowing for enhanced resource use and 168 
ecosystem functioning (Petchey & Gaston 2006). As these hypotheses are not mutually 169 
exclusive, their suggested mechanisms may act simultaneously. Both, experimental and 170 
observational studies on biomass production in plant communities tend to find dominance 171 
effects more frequently and with stronger evidence, than complementarity effects (Mokany, 172 
Ash & Roxburgh 2008; Mouillot et al. 2011; Lavorel 2013; Chollet et al. 2014). Especially, plant 173 
traits related to the trade-off between resource acquisition and conservation, which is known 174 
as the “leaf economics spectrum” (Wright et al. 2004), show strong links to productivity caused 175 
by the trait values of the most dominant species in the community (Diaz et al. 2004; Grigulis et 176 
al. 2013; Lavorel 2013). Recent studies, however, show that the combined contributions of both, 177 
functional diversity and mass ratio effects, are responsible for the simultaneous provisioning of 178 
multiple ecosystem functions and services, referred to as multifunctionality (Hector & Bagchi 179 
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2007; Mouillot et al. 2011; Valencia et al. 2015) as well as for biomass production outside of the 180 
high productivity season (Chollet et al. 2014). 181 
Methodological challenges to the clear separation of dominance and complementarity effects 182 
have been posed by a lack of independence between functional diversity metrics and 183 
community-weighted mean trait values (Ricotta & Moretti 2011) as well as by the many 184 
confounding factors and environmental covariates influencing ecosystem processes (Díaz et al. 185 
2007). These problems were addressed through the design of appropriate experimental layouts 186 
with controlled conditions (Dias et al. 2013; Eisenhauer et al. 2016) and adequate statistical 187 
methods in natural systems (Grace et al. 2007; Mokany, Ash & Roxburgh 2008). While traditional 188 
approaches have tried to keep abiotic factors constant, restricting themselves to small spatial 189 
and temporal scales, more recent approaches have specifically included or manipulated 190 
environmental variation such as climate and nutrient supply (Schumacher & Roscher 2009; 191 
Roscher et al. 2013; Chollet et al. 2014; Zhou et al. 2017). 192 
Regardless of these advances, there continues to be a lack of studies on large spatial scales 193 
across biomes (but see Cornwell et al. 2008; Musavi et al. 2015), and despite its vital role for 194 
ecosystem processes, plant functional community structure has only very poorly been 195 
implemented in earth system models (but see Van Bodegom, Douma & Verheijen 2014). While 196 
a global coordination and upscaling of the measurement of plant functional community 197 
structure and ecosystem process are logistically challenging using traditional approaches, 198 
modern ecology has entered the era of “big data” which offers powerful alternatives (Hampton 199 
et al. 2013): global initiatives compile community data and species characteristics into large 200 
databases (Kattge et al. 2011), and new ecosystem observation techniques like remote sensing 201 
and flux measurements offer novel approaches to the quantification of ecosystem processes 202 
(Baldocchi et al. 2001; Ustin et al. 2004; Houborg, Fisher & Skidmore 2015). In a conceptual 203 
paper on large scale BEF research, Musavi et al. (2015) present a data driven approach linking 204 
trait information to so called ecosystem functional properties (EFP) derived from eddy 205 
covariance (Reichstein et al. 2014). While their approach is highly quantitative and scalable from 206 
the leaf to the ecosystem level, there is still a mismatch between sites covered by flux 207 
measurements and available trait information (Musavi et al. 2017).  208 
Here, we present an approach using the world’s largest repository of plant community data sPlot 209 
coupled with the plant trait database TRY (Kattge et al. 2011) and the globally available 210 
normalized difference vegetation Index (NDVI) to tackle the biodiversity ecosystem functioning 211 
question at the planetary scale. The combination of NDVI and trait databases has been used 212 
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before to study the diversity-resilience relationship at a regional scale (Spasojevic et al. 2016). 213 
Taking advantage of over a decade worth of vegetation surveys from around the globe, the 214 
combination of a global vegetation plot database with trait data and satellite retrievals is a novel 215 
approach to address diversity-productivity relationships at the global scale. In line with a long 216 
tradition of BEF research in grassland ecosystems (Tilman, Wedin & Knops 1996; Hector et al. 217 
1999; Hooper et al. 2005; Wu et al. 2015), grasslands were chosen as a model system for this 218 
analysis although the methodology could also be applied to other vegetation types. The specific 219 
objective of this study was to investigate the effect of plant functional community structure on 220 
NDVI in grasslands around the world. In accordance with the overwhelming evidence in the 221 
literature, it was hypothesised that dominance effects would be stronger than complementarity 222 
effects. 223 
Material and methods 224 
Datasets 225 
Being purely data driven, this study was based on the integration of data compiled from three 226 
global initiatives: (1) the global vegetation plot database sPlot (version 2.1) which provides 227 
georeferenced surveys of plant communities all over the world (see: 228 
https://www.idiv.de/?id=176&L=0), (2) the TRY database of species functional traits (Kattge et 229 
al. 2011) and (3) the MODIS product MOD13Q1 (Didan 2015) providing the vegetation index 230 
NDVI which was used as a proxy for ecosystem level primary productivity. The sPlot database 231 
contains information on plant community composition in over 1.1 million vegetation plots 232 
contributed by more than 100 vegetation plot databases. Here, sPlot was sampled to 233 
characterise functional structure in grassland communities around the globe by integrating the 234 
vegetation plot data with species trait data from TRY.  235 
At every location selected from sPlot, the satellite derived Normalized Difference Vegetation 236 
Index (NDVI) was calculated as the ratio between the difference and sum of near infrared and 237 
red surface reflectance. NDVI is a measure of surface greenness, closely related to vegetation 238 
dynamics (Rouse et al. 1974). Considered a proxy of primary productivity (Running 1990; Paruelo 239 
et al. 1997) and other ecosystem processes (Ustin et al. 2004), NDVI has been used in ecological 240 
studies to evaluate ecosystem responses to environmental changes (reviewed in Pettorelli et al., 241 
2005) and to derive ecosystem stability metrics (De Keersmaecker et al. 2014). The NDVI dataset 242 
used here was the MODIS product MOD13Q1, which has global coverage with a pixel size of 250 243 
m and a temporal resolution of 16 days. 244 
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Integrating vegetation plot data with remotely sensed NDVI comes along with scale issues as a 245 
MODIS pixel is 2 orders of magnitude larger than a typical vegetation plot. This scale 246 
incompatibility becomes problematic in cases where a plot is located within a NDVI pixel that is 247 
very heterogeneous with other cover types different from grassland (mixed pixel). 248 
Consequently, sPlot community data at the plot level might not appropriately represent the 249 
overall plant community at the scale of the NDVI pixel. To overcome this problem, the land cover 250 
map GlobCover 2009 (Arino et al. 2010) was used to identify and exclude vegetation plots that 251 
were located in NDVI pixels contaminated with non-grassland land uses (e.g. forest, agricultural 252 
land, urban areas).  253 
Further, for every plot location included in this study, mean annual temperature and annual 254 
precipitation values were retrieved from the CHELSA project which provides bioclimatic 255 
variables at a global scale at a resolution 30 arc sec (Karger et al. 2016). As climate is a major 256 
driver of biomass production and vegetation dynamics in grassland systems (Sala et al. 1988; 257 
Briggs & Knapp 1995; La Pierre et al. 2011; Chollet et al. 2014), these variables were included as 258 
covariates in the analysis.  259 
Sampling of sPlot  260 
sPlot was screened for observations from grassland communities. Any selected plot had to 261 
satisfy at least one of the following criteria: (1) The plot was marked as “grassland” by the 262 
vegetation survey that provided the sPlot entry. (2) At least 90 % of the plot was covered by 263 
species that were not trees or shrubs or that were shorter than 2 m in plant height (according 264 
to the TRY database). Furthermore, at least 50% of the relative vegetation cover in a plot had to 265 
consist of plant species represented in TRY. Excluded were plots that were labelled as “forest”, 266 
“shrubland” or “wetland”, as well as observations prior to the year 2000 (launch of the MODIS 267 
program). Further, excluded were plots with high location uncertainty (> 100m) and unprecise 268 
GPS coordinates (< 4 decimal places in decimal degrees). To filter out mixed NDVI pixels, all 269 
selected plots had to be located within a MODIS pixel whose land cover consisted to at least 95 270 
% of the GlobCover 2009 categories “mosaic grassland”, “closed to open herbaceous 271 
vegetation” and “sparse vegetation” in any relative composition, which was assumed to 272 
correspond to grasslands. 273 
NDVI time series  274 
Complete NDVI time series (MOD13Q1) were retrieved by using Google Earth engine (Google 275 
Earth Engine Team 2015) for each of the selected vegetation plots. From each time series, the 276 
maximum annual NDVI values were extracted for the year of the respective vegetation survey 277 
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as well as the respective following year. This peak NDVI value corresponds to yearly maximum 278 
photosynthetic activity of the vegetation and is an indicator for overall productivity and biomass 279 
(Pettorelli et al. 2005). The mean of the two annual maximum values was considered the NDVI 280 
response variable for a given plot. The consideration behind this approach was that averaging 281 
across two subsequent years is likely to reduce the effect of anomalies and noise in the NDVI 282 
measured by remote sensing, leading to more robust NDVI values. In cases where a NDVI pixel 283 
contained more than one vegetation plot, surveys from different years were treated as 284 
independent observations. For vegetation plots that were described in the same year in the 285 
same NDVI pixel, just one plot was drawn at random. 286 
Plant traits and their ecological importance 287 
Eighteen ecologically relevant plant traits were used to characterise the functional community 288 
structure at all selected plots. Species mean traits were retrieved from TRY (Kattge et al. 2011) 289 
and gap-filled using Bayesian Hierarchical Probabilistic Matrix Factorization (Schrodt et al. 2015). 290 
All trait values were log transformed. A detailed description of the gap filling procedure and 291 
matching between sPlot and TRY will be given by Bruelheide et al. (in press.), who provided these 292 
data for the sPlot initiative and this study. The gap-filled trait data were available for 88.7% of 293 
all species occurrences in sPlot.  294 
The traits included represent different ecological trade-offs and plant strategies: Specific leaf 295 
area (i.e. the one-sided leaf area divided by leaf mass), Leaf N, Leaf P, Leaf C per dry Mass, Leaf 296 
N per area and Leaf dry matter content are traits related to leaf-level carbon gain strategies or 297 
the so called “leaf economic spectrum” LES (Wright et al. 2004). The LES spans a trait axis ranging 298 
from “conservative” species with long-lived, physically robust leaves with low photosynthetic 299 
rate and poor litter quality to “acquisitive” species with short-lived leaves that exhibit high C 300 
assimilation rates and have a higher nutritive value (Chapin 1980; Reich, Walters & Ellsworth 301 
1997; Wilson, Thompson & Hodgson 1999; Wright et al. 2004; Garnier, Navas & Grigulis 2016). 302 
The LES is known to be a strong driver of ecosystem processes such as productivity and litter 303 
decomposition, with higher rates found in communities dominated by “acquisitive” species (Diaz 304 
et al. 2004; Grigulis et al. 2013; Lavorel 2013). The traits seed number of the reproductive unit, 305 
dispersal unit length, seed length and seed mass reflect a reproductive trade-off between seed 306 
competitive ability and survival on the one hand and dispersal rate and colonization on the other 307 
hand (Smith & Fretwell 1974; Moles & Westoby 2006). Although seed traits are not expected to 308 
have a strong direct influence on ecosystem productivity, they tend to covary with plant size and 309 
other life history traits that might have a stronger link with ecosystem processes (Thompson & 310 
Rabinowitz 1989; Rees & Venable 2007; Moles & Leishman 2008). The trait plant height is linked 311 
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to competitive ability of individual plants and light interception (Gaudet & Keddy 1988; Violle et 312 
al. 2009), hence it reflects carbon acquisition strategies at the individual level (King 1990; 313 
Westoby et al. 2002). Being an indicator of overall plant size, plant height is an important 314 
component of standing biomass in the community (Chave et al. 2005). Also, the trait leaf area is 315 
allometrically connected to plant stature and plant height (Niklas 1994; Ackerly & Donoghue 316 
1998). Furthermore, leaf area plays a crucial role in light interception and influences leaf energy 317 
and water balances as well as temperature (Farquhar, Buckley & Miller 2002). Both, leaf area 318 
and leaf fresh mass contribute to the LES via their ratio, specific leaf area. The trait stem density 319 
represents a trade-off between rapid growth and high turnover on one hand and slow growth, 320 
higher structural stability and survival on the other hand, which is conceptually similar to the 321 
LES (Chave et al. 2009; Freschet et al. 2010; Wright et al. 2010). Stem characteristics such as the 322 
traits wood vessel length and stem conduit density are also strong drivers of plant hydrology 323 
and thus influence evapotranspiration at the ecosystem level (Zanne et al. 2010). Although the 324 
latter are more commonly used for woody species (Chave et al. 2009), they have also been 325 
included in this study on grasslands to achieve a more holistic characterisation of the functional 326 
community structure that goes beyond the commonly measured leaf traits for herbal 327 
vegetation. The traits leaf N to P ratio and Leaf nitrogen isotope ratio (Leaf delta 15N) are 328 
connected to plant nutrient supply and status. N to P ratios give an indication of nutrient 329 
limitations in the system and exhibit a correlation with biomass production (Güsewell 2004). 330 
Leaf nitrogen isotope ratios are linked to different nitrogen sources and might give an idea of 331 
the relative importance of mycorrhizae and nodule derived nitrogen in the communities (Craine 332 
et al. 2015). 333 
Functional community structure 334 
Community weighted mean (CWM) and Rao’s quadratic entropy (Q) were chosen to characterise 335 
the functional community structure in every plot based on the 18 traits discussed above. CWM 336 
is an abundance weighted trait mean value of the community that represents the trait values of 337 
the most dominant species and is therefore linked to the mass ratio effect and dominance 338 
hypothesis (Garnier 2004). Rao’s quadratic entropy is a generalisation of the Simpson’s index 339 
(Rao 1982) that has been used to quantify functional diversity of communities using functional 340 
dissimilarity matrixes calculated for single or multiple species traits (Botta-Dukat 2005; Lepš et 341 
al. 2006). Together, Rao’s quadratic entropy and CWM have been applied in biodiversity 342 
ecosystem functioning research to disentangle dominance and complementarity effects as 343 
indicated by “mean” (i.e. CWM) and “dispersion” (i.e. Q) of traits, respectively (Ricotta & Moretti 344 









where nk is the number of species in plot k, pi,k is the relative cover of species i in plot k, and ti,l 346 
is the mean value of species i for trait l. 347 
Eq. 2 







where nk is the number of species in plot k, pi,k and pj,k are the relative covers of species i and j 348 
in plot k, and di,j,l is the dissimilarity, in the range of 0–1, between species i and j based on trait 349 
l. The dissimilarity metric used was Gower’s distance (Podani 1999) and the computation of Q 350 
was performed in the R package SYNCSA (Debastiani & Pillar 2012).  351 
To reduce the functional trait space described by the 18 CWM variables, a principal component 352 
analysis (PCA) was performed on the CWM values in all selected communities (correlation-based 353 
using the R package FactoMineR). The PCA axes were considered as latent variables summarizing 354 
most of the variation in CWM across multiple traits. These latent variables are integrated 355 
measures characterising the dominant species in a community and are therefore linked to the 356 
dominance hypothesis (Chollet et al. 2014). The first two axes of variation (PCA.1 and PCA.2) 357 
were included in the multiple regression model for the NDVI response.  358 
Rao’s quadratic entropy was recalculated across multiple traits by averaging the single trait Ql,k 359 
values, which was possible because the distance matrix was standardised in the range of 0 to 1, 360 
respectively . This was done for all 182 – 1 possible combinations of the 18 traits, and for each 361 
combination a simple regression was performed using the corresponding Q as predictor of NDVI. 362 
The trait combination with the strongest effect size on NDVI was selected as the predictor 363 
variable for functional diversity, FD (Mokany, Ash & Roxburgh 2008). This was the case for the 364 
trait combination stem conduit density and stem density. 365 
Data analysis 366 
Multiple linear regression analysis was used to explore the role of biotic and abiotic factors on 367 
the response variable NDVI. The multiple regression model was specified in R using the function 368 
“lmp()” from the package “lmPerm” that allows permutation test for linear models (Wheeler & 369 
Torchiano 2016). This approach was adopted because of non-normality in the NDVI data. Next 370 
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to the variables of functional community structure (PCA.1, PCA.2, FD), the covariates annual 371 
mean temperature (Temp), annual precipitation (Prec) and absolute latitude (Lat) of the plot 372 
were included in the model. The latter three variables were centred and standardized before 373 
entering the model. The absolute value of the latitude was selected to achieve a more linear 374 
relationship with NDVI. The model was defined as follows: 375 
𝑁𝐷𝑉𝐼 ~ 𝑃𝐶𝐴. 1 + 𝑃𝐶𝐴. 2 + 𝐹𝐷 + 𝑃𝑟𝑒𝑐 + 𝑇𝑒𝑚𝑝 + 𝐿𝑎𝑡 376 
Instead of using stepwise or hierarchical regression approaches that - among other 377 
shortcomings - do not account for multicollinearity in the data (Graham 2003; Ray-Mukherjee 378 
et al. 2014), regression commonality analysis (CA) was applied to disentangle the effect of 379 
individual predictors (Newton & Spurrell 1967; Mood 1969, 1971). CA allows to decompose the 380 
variance explained by a multiple regression model into unique and common effects of individual 381 
predictors (Ray-Mukherjee et al. 2014) and has been used in BEF research before (Brooks et al. 382 
2016). Although CA does not reveal causal relationships between variables, it provides an 383 
exploratory tool to partition variance and identify isolated effects as well as groups of covarying 384 
predictors. The CA was performed using the R package “yhat” (Nimon, Oswald & Roberts 2013). 385 




2941 grassland plots fulfilled the selection criteria and were included in the analysis. The plots 388 
were very unevenly distributed across 9 biomes, with most of the plots located in the temperate 389 
midlatitudes (see Table 1). This distribution is a result of the uneven global coverage of sPlot 390 
where Europe is highly overrepresented.  391 
Table 1: Number of included plots per biome. 
Classifications according to definition by Schultz (2005) with an additional alpine biome 
following the approach by Körner et al. (2017): 
Biome Number of plots 
Alpine 147 
Boreal zone 186 
Dry midlatitudes 99 
Dry tropics and subtropics  264 
Polar and subpolar zone  45 
Subtropics with winter rain 40 
Subtrop. with year-round rain  5 
Temperate midlatitudes  2145 
Tropics with summer rain 10 
 
 
Bivariate relationships between single trait functional structure variables and NDVI 392 
The CWMs of most traits were significantly correlated with NDVI. This was tested using simple 393 
linear regression analysis with permutation tests. Only the CWMs of the traits Leaf C per mass 394 
and height did not have a significant bivariate effect on NDVI. The strongest effect (as R2) was 395 
observed in the simple regression model of the trait SLA, followed by Leaf.N and Stem.Dens 396 
(Figure 1). 397 
All the single trait functional diversity values positively correlated to each other (Supplementary 398 
material, Table 5) and showed a positive effect on NDVI, exhibiting R2 values in the range of 0.11 399 
to 0.21 with the strongest effects observed for the traits stem conduit density and stem density 400 




Figure 1: Scatterplots of community weighted mean (CWM) and NDVI for all 18 traits.  
Solid lines represent simple linear regression models. R2 values are given for every fit. Full trait names can be found 





Figure 2: Scatterplots Rao´s quadratic entropy (Q) and NDVI for all 18 traits. 
Solid lines represents simple linear regression models. R2 values are given for every fit. Full trait names can be 
found in Table 2. All Q values had a significant simple regression effect on NDVI. 
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The CWM space and its effect on NDVI 402 
The first two PCA axes explained 27.42% (PCA.1) and 20.88% (PCA.2) of the variation in the CWM 403 
data. Subsequent axes explained 10.2%, 6.5%, 6.3%, 5.4%, 5.1%, 4.3%, 3.3%, 3.1%, 1.9%, 1.8%, 404 
1.4%, 0.9%, 0.5%, 0.4%, 0.2% and 0.2%, respectively. Communities that had negative scores on 405 
PCA.1 were dominated by species with high SLA that had increased leaf concentrations of 406 
nitrogen and phosphorous. Positive values on this axis were accompanied by higher LDMC and 407 
stem density. Communities with high scores on the second axis of variation were characterised 408 
as dominated by relatively tall species with both, large and heavy leaves and seeds, as well as 409 
long dispersal units (see Figure 3 and Table 2). Subsequent axes had relatively low factor 410 
loadings; the trait that had the highest correlation with the 3rd axis was dN15 (55,2%), which was 411 
in turn not correlated to the first two axes (Table 2). 412 
 
Figure 3: Correlation circle of the CWM PCA for the plane of PCA.1 vs. PCA.2. 
Arrows indicating strength and direction of correlation between trait variables and axes. This 
plane captures 48.3% of the inertia in the 18 CWM variables. Axis labels Dim 1 and Dim 2 refer 
to PCA.1 and PCA.2, respectively. 
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Simple regressions between the PCA axes PCA.1 and PCA.2 and NDVI were significant, 413 
respectively. While the first axis showed a relatively strong negative effect, explaining 43% of 414 
the variation in NDVI, the second axis had a much smaller but positive effect explaining ca. 2% 415 
of the variation (Figure 4). 416 
Table 2: Trait factor loadings on the first 2 PCA axes of the CWM space. 
 Shading: Red indicates negative correlation, green positive correlation. 
 
Trait Abbreviation 
Correlation with PCA axes 
PCA 1 PCA 2 
Specific leaf area SLA -0.88 0.10 
Leaf P concentration Leaf.P -0.82 0.06 
Leaf N concentration Leaf.N -0.73 0.27 
Leaf area Leaf.A -0.51 0.69 
Seed number of the reproductive unit Rel.seed.num -0.50 0.18 
Leaf fresh mass Leaf.fr.mass -0.37 0.73 
Stem conduit density Stem.cond.dens -0.2 -0.45 
Leaf delta 15N dN15 0.02 -0.06 
Plant height Height 0.22 0.68 
Dispersal unit length Disp.u.l 0.27 0.76 
Wood vessel length vessel.l 0.27 -0.42 
Seed length Seed.l 0.31 0.75 
Leaf C per dry Mass Leaf.Cpmass 0.4 -0.17 
Seed mass Seed.m 0.41 0.73 
Leaf N/P ratio NpP 0.57 0.26 
Leaf N per Area Leaf.NpA 0.6 0.08 
Leaf dry matter content LDMC 0.70 0.06 






Figure 4: Scatterplot of NDVI against PCA axes of CMW (PCA.1 and PCA.2).  
Solid line represents simple linear regression models. R square values are 0.43 and 0.02, 
respectively. Both models were highly significant as indicated by 5000 randomisations of the 
data (p<0.001, respectively). 
Multiple regression and commonality analysis 417 
The multiple regression model showed that all variables had a significant effect on NDVI, 418 
altogether explaining 64.87% of the variation (see Table 3). The commonality analysis revealed 419 
how individual predictor variables and sets of predictor variables contributed to this overall R2 420 
value. The commonality values in Table 3 should be interpreted as follows: The total effect of a 421 
variable is equivalent to its R2 value in a simple linear regression. In the commonality analysis, 422 
this value is partitioned into a unique and a common effect of that predictor. The common effect 423 
refers to the part of the variation that cannot clearly be attributed to the predictor alone but 424 
that is shared with other predictors (due to Multicollinearity). The unique effect, in contrast, is 425 
the proportion of the variance in the model that can exclusively be explained by a single 426 
predictor. The variable PCA.1 was found to have the highest total effect in the model, the largest 427 
part of which, however, was shared with other predictors (37.4%). The unambiguous effect of 428 
PCA.1 was 5.2 %. This was the second strongest unique effect of a predictor after the unique 429 
effect of precipitation (8.9%). Both, precipitation and latitude had relatively strong total effects 430 
with R2 values of 33.2 % and 25.2%, respectively. While the total effect of FD was 22.8%, only 431 
0.4% where a unique effect of this predictor; the rest was confounded by other covariates. Both, 432 
temperature and PCA.2 had relatively weak total effects. In the case of PCA.2, however, its 433 
unique effect was stronger than its total effect which suggests that this variable was suppressed 434 
by another covariate in the model. 435 
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Table 3: Summary of the multiple regression model for NDVI 
Unstandardized regression coefficient (B), standardized regression coefficient (β), the number 
of permutations (Rand); the permutation based p value (p) as well as each predictor’s unique, 
common and total variance in the regression equation. 
 
     Commonality analysis 
Variable B β Rand p Unique  Common Total 
PCA.1 -0.024 -0.297 5000 <2e-16 0.052 0.374 0.426 
PCA.2 0.019 0.200 5000 <2e-16 0.035 -0.015 0.021 
FD 0.140 0.081 5000 <2e-16 0.004 0.224 0.228 
Prec 0.061 0.337 5000 <2e-16 0.089 0.244 0.332 
Temp 0.043 0.238 5000 <2e-16 0.016 0.017 0.033 
Lat 0.008 0.472 5000 <2e-16 0.044 0.208 0.252 
Adjusted R2 = 0.6487; Intercept = 0.764 
 
Table 4 summarises the contribution of individual predictor sets ordered by effect size. The set 436 
of variables with the highest commonality coefficient was the predictor set “PCA.1, FD, Prec, and 437 
Lat” which can be attributed 14.2% of the total regression effect. The variable PCA.1 was part of 438 
6 out of the 8 most important predictor sets and shared most of its total effect with the 439 
covariates precipitation and latitude. Furthermore, PCA.1 had some shared model variation with 440 
the functional diversity value FD. 441 
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Table 4: Contribution of predictors and predictor sets on NDVI. 
The table shows commonality coefficients and % of total contribution of each predictor or 
predictor set to the regression effect in decreasing order. Sets with contributions below 2% 
were omitted in this table. 
Set of variables Coefficient % Total 
PCA.1, FD, Prec, and Lat 0.092 14.2 
Prec 0.089 13.66 
PCA.1, and Lat 0.08 12.25 
PCA.1, and Prec 0.056 8.57 
PCA.1 0.052 7.96 
Lat 0.044 6.84 
PCA.1, Prec, and Lat 0.044 6.76 
PCA.1, FD, and Lat 0.043 6.62 
PCA.2 0.035 5.41 
FD, and Lat 0.026 3.98 
FD, Prec, and Lat 0.021 3.19 
PCA.1, and Temp 0.021 3.17 
PCA.1, FD, Prec, and Temp 0.018 2.78 
PCA.1, Prec, and Temp 0.018 2.74 
Temp 0.016 2.47 
FD, and Prec 0.015 2.29 
…47 sets with contribution below 2 % omitted… 






The aim of the present study was to provide a global assessment of the role of dominance and 444 
complementarity effects for biodiversity – ecosystem functioning relationships in grasslands. 445 
Functional community structure was described by two components, functional diversity (FD) 446 
and community weighted mean (CWM), which were associated with complementarity and 447 
dominance effects, respectively. Prior to the discussion of the trait - functioning relationships 448 
which has been considered a “holy grail” in ecology (Lavorel & Garnier 2002), the associations 449 
among CWM of different traits will be discussed in the next section. At the end of this paper, 450 
some methodological considerations will be presented. 451 
The CWM space 452 
Although 18 different traits were used in this study, the PCA of the CWM revealed that there 453 
were in fact only two main axes that explained almost half of the variation in the CWM data and 454 
that many traits were tightly linked to. A full pairwise correlation matrix of the CWMs can be 455 
found in the Supplementary material (Table 5, Figure 6). In the following, interpretations of the 456 
first two PCA axes will be provided. 457 
From leaf economics to community economics 458 
PCA.1 combined traits that were associated to the leaf economics spectrum (Wright et al. 2004). 459 
Negative values on this axis can be interpreted as communities dominated by “acquisitive 460 
species” (high SLA, Leaf.P, Leaf.N), whereas positive scores indicate domination by “conservative 461 
species” (high LDMC). This axis PCA.1 is analogous to the well-known LES described by many 462 
studies (Chapin 1980; Reich, Walters & Ellsworth 1997; Wilson, Thompson & Hodgson 1999; 463 
Wright et al. 2004; Díaz et al. 2016). The fact that not only leaf traits, but also the trait stem 464 
density is strongly correlated to this axis supports the notion of a “Plant economics spectrum” 465 
beyond leaf traits (Freschet et al. 2010). This idea that traits are coordinated at the plant level 466 
between different organs (e.g. leaves, stem, roots) represents a paradigm shift that has gained 467 
more and more attention in recent years (Freschet et al. 2013; Laughlin 2014; Reich 2014). The 468 
results of this study support this idea suggesting that communities on the conservative side of 469 
the LES also exhibit higher stem densities: This represents two sides of the same coin which is a 470 
“fast-slow” plant economics spectrum (Reich 2014). Numerous studies found that such cross-471 
organ trait associations and trait-environment links are stronger when measured at the 472 
community level (as CWM) than at the species level (as species trait values) (Ackerly et al. 2002; 473 
Cingolani et al. 2007; Domínguez et al. 2012; de la Riva et al. 2016). This supports the theory 474 
that dominant species in a community are more strongly affected by environmental filters and 475 
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constraints than less abundant species (de la Riva et al. 2016). Furthermore, this finding has 476 
inspired the concept of a “plant community economics spectrum” as an extension of the “plant 477 
economics spectrum” (Pérez-Ramos et al. 2012) emphasising the community level trait variation 478 
and both, its responses to environmental filters and its effects on ecosystem processes 479 
(Domínguez et al. 2012; de la Riva et al. 2016; Jiang et al. 2017). The methodology adopted in 480 
this study followed the community level approach by performing the PCA on the CWM values 481 
as opposed to using trait values measured at the individual or species level. Hence, the axis 482 
PCA.1 should be interpreted as a community level resource acquisition–conservation trade-off 483 
following the logic of Pérez-Ramos et al. (2012). 484 
On leaves and seeds 485 
The second axis of variation PCA.2 summarizes variation in CWM of leaf size and weight, plant 486 
height and seed traits. Although, at species level, plant size and reproductive traits are expected 487 
to be independent according to the LHS scheme (Westoby 1998), at community level both trait 488 
groups load on the second PCA axis in this study. This is in accordance with other studies that 489 
provide evidence suggesting that large plants have larger seeds (Thompson & Rabinowitz 1989). 490 
However, it is arguable if the combination of leaf area and leaf fresh mass with the seed traits 491 
within this axis represent a true ecological spectrum or if this is rather a forced marriage caused 492 
by the ordination technique. The pairwise correlation between the traits seed mass and leaf 493 
area was with 0.29 (Pearson’s R) not exactly strong. As seen in Figure 3, both traits were at either 494 
side of the PCA.2 axis pulling it in opposite directions along the horizontal axis despite high 495 
individual loadings on PCA.2. Therefore, the mutual axis of leaf traits and seed traits does not 496 
necessarily represent a true ecological convergence but rather a weak allometric correlation 497 
that gets overrepresented due to the rotation of the CWM space by the PCA. The fact that the 498 
traits leaf fresh mass and leaf area also cross load on PCA.1 (see Figure 3) and that they are 499 
correlated with SLA seems to challenge the notion that SLA and leaf area are independent 500 
(Ackerly & Reich 1999; Fonseca et al. 2000). For instance, in the recently compiled “global 501 
spectrum of plant form and function”, leaf area and leaf mass per area (i.e. the inverse of SLA) 502 
form almost orthogonal axes in the 2 dimensional trait space (r2 = 0.01; Díaz et al. 2016). 503 
However, as shown by Ackerly et al. (2002), this independence is only found at the species level. 504 
For CWM their findings show that “at the community level, the parallel shifts [along an 505 
environmental gradient] in mean leaf size and mean SLA led to a very strong correlation between 506 
the two” (Ackerly et al. 2002). The community based approach adopted here confirms these 507 
findings as there was moderate correlation between the CWMs of SLA and leaf area (Pearson’s 508 
R = 0.45). This indicates, that leaf area and SLA have a certain degree of convergence for the 509 
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dominant species in a plant community, which are most affected by environmental filters. In 510 
effect, the results suggest that leaf area might contribute to the “plant community economics 511 
spectrum” proposed by Pérez-Ramos et al. (2012). 512 
Effects on NDVI 513 
NDVI was used as a measure of ecosystem functioning in this study and a multiple regression 514 
analysis was applied to evaluate how it was affected by different components of plant functional 515 
community structure and abiotic factors. Ca. 65 % of the variation in NDVI was explained by the 516 
predictor variables, which represents a relatively high explanatory power of the global model 517 
given the relative “roughness” of the methodology applied and the neglection of potentially 518 
important covariates (see Methodological considerations). The fact that all predictor variables 519 
were statistically highly significant should not be overrated in this context, for this is a common 520 
occurrence with large sample sizes (Lantz 2013; Khalilzadeh & Tasci 2017). The following sections 521 
will consider the effects that were attributed to the individual predictor variables and discuss 522 
underlying mechanisms. 523 
Dominance vs. complementarity 524 
Whether biodiversity influences ecosystem processes through the traits of the most dominant 525 
species in a community or through non-additive complementarity effects has been a widely 526 
studied question for a range of different systems, taxa and ecosystem processes (Cornwell et al. 527 
2008; Lavorel 2013; Brooks et al. 2016). 528 
For plant communities, there is striking evidence that dominant species determine ecosystem-529 
level productivity through their traits of resource economics (Lavorel 2013). Also, the results of 530 
this study strongly support this theory: The latent variable PCA.1 which represents a “plant 531 
community economics spectrum” calculated from CWM trait values (Pérez-Ramos et al. 2012) 532 
had the highest overall effect on the NDVI response and shared 2/3 of the total explained 533 
variation in the model. Even its isolated effect was relatively strong compared to the other 534 
predictors. The importance of this variable can be explained by the “fast-slow continuum” that 535 
it describes. Communities that are dominated by acquisitive species are at the “fast” side of the 536 
spectrum because they generally exhibit fast growth and rapid C and N turnover. This entails 537 
high rates at the ecosystem level for instance in terms of biomass accumulation, decomposition 538 
and evapotranspiration (Reich 2014). Likewise, the NDVI metric was very responsive to this axis. 539 
This is not very surprising since the annual peak NDVI value which was used here represents the 540 
high productivity season with an expected maximum resource turnover (Pettorelli et al. 2005). 541 
The second PCA axis had a weak positive effect on NDVI. As discussed earlier, it lumped together 542 
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leaf and seed traits with height which did not all have a strong correlation between them 543 
(Supplementary material, Figure 6). It is striking that their single regression effects are in 544 
opposite directions, with leaf area showing a strong positive association and seed mass a weak 545 
negative association with NDVI (Figure 1). This emphasises the earlier notion that this set of 546 
traits is not converging. However, the NDVI gradient that is here referred to cannot be thought 547 
of as an environmental filter but rather describes an effect of the plant community on ecosystem 548 
processes (Pillar et al. 2009). As result of the lack of sound ecological meaning of the PCA.2 549 
variable, it does not make sense to consider its dominance effect on ecosystem functioning. Yet, 550 
one should note that the trait plant height, which was also correlated to this axis had no bivariate 551 
effect on NDVI (Figure 1). This suggests that the plant size axis of trait variation (Westoby 1998), 552 
is not relevant for productivity in the grassland systems under study. 553 
The effect of plant functional diversity on ecosystem processes is not consistent in the literature. 554 
Some studies found positive (Mouillot et al. 2011), some negative (Thompson et al. 2005), some 555 
no association (Chollet et al. 2014). The results of the present study show a tendency for a 556 
positive effect: The FD predictor variable had a moderate total effect on NDVI. Yet, almost no 557 
variation was explained by it alone. Notably, FD shared a large portion of its explanatory power 558 
with the dominance indicator PCA.1. This was not unexpected as the metrics CWM and FD are 559 
not independent of each other (Ricotta & Moretti 2011; Dias et al. 2013). Furthermore, high 560 
productivity systems are expectedly allowing for more diversity, which means that causality 561 
could also flow from NDVI to FD. As no causal modelling was applied here, one cannot identify 562 
a definite complementarity effect. It was remarkable, however, that all single trait Q values had 563 
consistently positive bivariate effects on NDVI, which suggests that the traits diverge equally 564 
along the NDVI gradient. The single trait Q variables with the highest effect on NDVI belonged 565 
to the traits stem density and stem conduit density (both were combined for the calculation of 566 
FD). Those traits play a crucial role in plant water conductivity and evapotranspiration (Zanne et 567 
al. 2010). Accordingly, a potential effect of FD could be explained by complementarity along the 568 
water resource axis. A positive effect of complementarity in water use strategies on biomass 569 
production in grasslands has been reported by Verheyen et al. (2008). As both, water and carbon 570 
fluxes are controlled by stomatal conductance, photosynthesis is tightly linked to transpiration 571 
and water use in plants (Jarvis & Davies 1998). This link is also manifested in the response 572 
variable NDVI which is an indicator of both, productivity and evapotranspiration at the 573 
ecosystem level (Chong, Mougin & Gastelluetchegorry 1993). To further explore the role of 574 
niche differentiation of water use, it would be helpful to have information on root traits which 575 
is currently still scarce in TRY (Kattge et al. 2011). While there was an indication for a potential 576 
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effect of complementarity, the results of this study strongly suggest that for the annual peak 577 
NDVI value dominance effects constitute the most important BEF mechanism in grasslands. As 578 
previous work shows that complementarity effects might be stronger outside of the high 579 
productivity season (Chollet et al. 2014), it is possible that FD is more important for NDVI values 580 
that do not correspond to the annual maximum.  581 
The role of covariates 582 
Ecosystem processes result from a complex interplay of abiotic and biotic factors and in return 583 
affect both, the environment and biological communities through global feedback loops (Chapin 584 
et al. 2000). As effect and response traits are tightly linked within a community (Lavorel & 585 
Garnier 2002), the influence of plant functional community structure on productivity should be 586 
discussed in the light of environmental factors if they are not experimentally controlled for. In 587 
grasslands, climate is one of the major drivers of productivity. La Pierre et al. (2011) found that 588 
during high productivity seasons precipitation was a strong predictor of aboveground biomass 589 
production in a mesic grassland. This finding was reproduced by the present study: Annual total 590 
precipitation had high predictive power for annual peak NDVI and exhibited the strongest 591 
isolated effect of all variables (Table 3). Notably, precipitation also shared considerable part of 592 
its contribution to the NDVI variation with PCA.1 and FD which suggests its effect could at least 593 
partly be mediated by the plant community (Figure 5). A negative correlation between 594 
precipitation and PCA.1 indicates that communities in locations with high precipitation tend to 595 
be dominated by “acquisitive species” entailing higher NDVI values through the dominance 596 
effect. This mechanism of mediation is plausible because the “slow-fast continuum” described 597 
by PCA.1 is known to be linked to drought tolerance strategies whereby slow/ conservative 598 
species show greater success under arid conditions (Reich 2014). Also at the community level, 599 
the plant economics spectrum was reported to converge along a gradient of soil water content 600 
(de la Riva et al. 2016). The second possible pathway of mediation is linked to the 601 
complementarity effect: At higher water availability levels (Prec), one can expect a wider niche 602 
space along the water resource axis and weaker environmental constraints which leads to higher 603 
differentiation of water use strategies (divergence) and complementarity effects as discussed 604 




Figure 5: Pairwise Pearson correlations between Prec, PCA.1, FD and NDVI. 
Potential underlying mechanisms are shown as arrows. Note that this is not a valid causal 
model but just an overview of resemblance between variables. 
 
The fact that the variable temperature only had a minor effect on NDVI seems to contradict 606 
widely accepted findings that attribute an important role to this factor (Briggs & Knapp 1995). 607 
Recent findings, however, show that timing is crucial for the effect of temperature in grasslands. 608 
While the temperature at the beginning of the growing season was reported to be most 609 
important for annual biomass production (Chollet et al. 2014; Guo et al. 2017), the temperature 610 
variable used here, does not account for this temporal variability: The annual mean temperature 611 
(calculated across many years) was not very important in the model. This suggest that 612 
microvariation in temperature might be much more important than global temperature 613 
gradients. As expected, temperature was strongly correlated to latitude (Pearson’s r = 0.80). 614 
Interestingly, latitude had a relatively strong effect on NDVI that was not common to 615 
temperature (Table 3). Thus, the latitudinal gradient of NDVI must be related to other variables 616 
changing with latitude such as solar radiation and seasonality.  617 
Methodological considerations 618 
The data-driven approach presented in this study is novel in the context of BEF research. Using 619 
a vegetation plot database has the striking advantage that a vast number data points can be 620 
included and that available ecological information is reused (the current version of sPlot holds 621 
more than 1.1 million plots). Consequently, one can increase both, spatial and temporal extent 622 
of the study far beyond what is feasible with new data collection. However, this approach also 623 
comes with a trade-off: As the information compiled in the databases was not collected to 624 
address the specific question of the study, the data might not be good enough to resolve the 625 
relevant ecological patterns and processes or - even worse - be extremely biased. While the aim 626 
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of this study was to investigate the role of plant functional community structure, the plant 627 
surveys that contribute to sPlot only report species composition. To overcome this limitation, 628 
the community matrix was matched with trait information from the trait database TRY. Hence, 629 
the functional community structure was approximated using trait mean values from plants 630 
collected by different botanists at potentially very different locations. Not only does this 631 
procedure neglect inherent intraspecific trait variation but also it does ignore the local 632 
environmental conditions and resources that individuals in a community respond to (phenotypic 633 
plasticity). Accordingly, it was found that trait databases only had a limited power to predict trait 634 
composition at the plot level in a European saltmarsh (Cordlandwehr et al. 2013). Yet, one can 635 
argue that if ecological patterns are strong enough they can nonetheless be resolved with a 636 
sufficient number of data points even if those are unprecise. Hortal et al. (2014) discuss the 637 
manifold shortcomings of big data in ecology. Pressing the scientific community to fill the 638 
extensive gaps in the data and carefully consider limitations, they close their review with the 639 
following quote by Daniel J. Boorstin (1983): “The greatest enemy of knowledge is not ignorance, 640 
it is the illusion of knowledge.” 641 
There is no doubt that the approach adopted in this study has some substantial limitations that 642 
surely introduce biases. Not only does the use of trait databases lead to a very rough 643 
approximation of functional community structure but also the vegetation plot database did have 644 
vast gaps in its global coverage. As shown in Table 1, almost ¾ of the plots included in this study 645 
are in the temperate midlatitudes (mainly Europe, partly Australia), which introduces a major 646 
bias. Especially, South America and Africa were underrepresented in this “global” compilation 647 
(see Supplementary material, Figure 7). Furthermore, there was a substantial scale 648 
incompatibility between the vegetation surveys and the NDVI measure: The MODIS product 649 
MOD13Q1 that was considered the best compromise in the trade-off between temporal 650 
coverage and spatial resolution is with its pixel size of 250 m roughly 2 orders of magnitude 651 
coarser than a typical vegetation plot. The use of the landcover map surely mitigates this 652 
problem to a certain degree but it does not represent a true scaling from plot to ecosystem level 653 
(Reichstein et al. 2014). For both, NDVI and climatic variables microvariation (e.g. temporal 654 
variability and microclimate) was neglected in this study. Furthermore, other crucial factors to 655 
grassland dynamics such as nutrient availability, soil properties and disturbances regimes (e.g 656 
grazing, fire and flooding) were ignored. Future efforts will have to be undertaken to face this 657 
ignorance by including more data, and more comprehensive analysis techniques will have to be 658 
applied to treat the uncertainty and biases of this study. 659 
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Are the results of this study a valid contribution to the BEF debate despite the methodological 660 
shortcomings? The model that was built here showed a relatively high overall fit of the data 661 
which suggests that at least some of the most important factors of grassland dynamics have 662 
been included. The total contribution of the dominance effect, for instance, was larger than the 663 
residual variation of the model, which strongly supports the mass ratio hypothesis suggesting 664 
that dominant trait values are driving a global productivity gradient across these grassland 665 
communities. Complementarity effects were rather subtle but the data show that especially in 666 
response to precipitation, niche differentiation along the water use axis might play a 667 
considerable role. These findings are neither surprising (as they are strongly echoing in the 668 
literature) nor do they have direct consequences for management (they are mainly theory 669 
driven). Hence, there is no major damage done in reporting them and discussing them in the 670 
face of their limitations. The novel approach discussed in this paper represents - along with other 671 
studies along these lines (e.g. Musavi et al. 2016, 2017; Spasojevic et al. 2016) a step forward 672 
towards more integrative data-driven biodiversity ecosystem functioning debate at the global 673 
scale. 674 
References 675 
Ackerly, D.D. & Donoghue, M.J. (1998) Leaf Size , Sapling Allometry , and Corner’s Rules : Phylogeny and 676 
Correlated Evolution in Maples (Acer). The American Naturalist, 152, 767–791. 677 
Ackerly, D.D., Knight, C.A., Weiss, S.B., Barton, K. & Starmer, K.P. (2002) Leaf size, specific leaf area and 678 
microhabitat distribution of chaparral woody plants: constrasting patterns in species level and 679 
community analyses. Oecologia, 130, 449–457. 680 
Ackerly, D.D. & Reich, P.B. (1999) Convergence and correlations among leaf size and function in seed 681 
plants: comparative tests using independent contrast. American journal of Botany, 86, 1272–1281. 682 
Arino, O., Perez, J.R., Kalogirou, V., Defourny, P. & Achard, F. (2010) Globcover 2009. ESA Living Planet 683 
Symposium, 1–3. 684 
Baldocchi, D., Falge, E., Gu, L., Olson, R., Hollinger, D., Running, S., Anthoni, P., Bernhofer, C., Davis, K., 685 
Evans, R., Fuentes, J., Goldstein, A., Katul, G., Law, B., Lee, X., Malhi, Y., Meyers, T., Munger, W., 686 
Oechel, W., Paw, U.K.T., Pilegaard, K., Schmid, H.P., Valentini, R., Verma, S., Vesala, T., Wilson, K. & 687 
Wofsy, S. (2001) FLUXNET: A New Tool to Study the Temporal and Spatial Variability of Ecosystem-688 
Scale Carbon Dioxide, Water Vapor, and Energy Flux Densities. Bulletin of the American 689 
Meteorological Society, 82, 2415–2434. 690 
Van Bodegom, P.M., Douma, J.C. & Verheijen, L.M. (2014) A fully traits-based approach to modeling global 691 
vegetation distribution. Proceedings of the National Academy of Sciences of the United States of 692 
America, 111, 13733–8. 693 
Botta-Dukat, Z. (2005) Rao’ s quadratic entropy as a measure of functional diversity based on multiple 694 
traits. Journal of Vegetation Science, 16, 533–540. 695 
Briggs, J.M. & Knapp, A.K. (1995) Interannual variability in primary production in tallgrass prairie: Climate, 696 
soil moisture, topographic position, and fire as determinants of aboveground biomass. American 697 
Journal of Botany, 82, 1024–1030. 698 
26 
 
Brooks, E.G.E., Holland, R.A., Darwall, W.R.T. & Eigenbrod, F. (2016) Global evidence of positive impacts 699 
of freshwater biodiversity on fishery yields. Global Ecology and Biogeography, 25, 553–562. 700 
Cadotte, M., Albert, C.H. & Walker, S.C. (2013) The ecology of differences: Assessing community assembly 701 
with trait and evolutionary distances. Ecology Letters, 16, 1234–1244. 702 
Cadotte, M.W., Carscadden, K. & Mirotchnick, N. (2011) Beyond species: Functional diversity and the 703 
maintenance of ecological processes and services. Journal of Applied Ecology, 48, 1079–1087. 704 
Cardinale, B.J., Matulich, K.L., Hooper, D.U., Byrnes, J.E., Duffy, E., Gamfeldt, L., Balvanera, P., O’Connor, 705 
M.I. & Gonzalez, A. (2011) The functional role of producer diversity in ecosystems. American Journal 706 
of Botany, 98, 572–592. 707 
Ceballos, G., Ehrlich, P.R., Barnosky, A.D., García, A., Pringle, R.M. & Palmer, T.M. (2015) Accelerated 708 
modern human – induced species losses: entering the sixth mass extinction. Sciences Advances, 1, 709 
1–5. 710 
Chapin, F.S. (1980) The Mineral Nutrition of Wild Plants. Annual Review of Ecology and Systematics, 11, 711 
233–260. 712 
Chapin, F.S., Zavaleta, E.S., Eviner, V.T., Naylor, R.L., Vitousek, P.M., Reynolds, H.L., Hooper, D.U., Lavorel, 713 
S., Sala, O.E., Hobbie, S.E., Mack, M.C. & Díaz, S. (2000) Consequences of changing biodiversity. 714 
Nature, 405, 234–42. 715 
Chave, J., Andalo, C., Brown, S., Cairns, M.A., Chambers, J.Q., Eamus, D., Fölster, H., Fromard, F., Higuchi, 716 
N., Kira, T., Lescure, J.P., Nelson, B.W., Ogawa, H., Puig, H., Riéra, B. & Yamakura, T. (2005) Tree 717 
allometry and improved estimation of carbon stocks and balance in tropical forests. Oecologia, 145, 718 
87–99. 719 
Chave, J., Coomes, D., Jansen, S., Lewis, S.L., Swenson, N.G. & Zanne, A.E. (2009) Towards a worldwide 720 
wood economics spectrum. Ecology Letters, 12, 351–366. 721 
Chollet, S., Rambal, S., Fayolle, A., Hubert, D., Foulquié, D. & Garnier, E. (2014) Combined effects of 722 
climate, resource availability, and plant traits on biomass produced in a Mediterranean rangeland. 723 
Ecology, 95, 737–748. 724 
Chong, D.L.S., Mougin, E. & Gastelluetchegorry, J.P. (1993) Relating the Global Vegetation Index to Net 725 
Primary Productivity and Actual Evapotranspiration Over Africa. International Journal of Remote 726 
Sensing, 14, 1517–1546. 727 
Cingolani, A.M., Cabido, M., Gurvich, D.E., Renison, D., Díaz, S., Ana, M. & Diego, E. (2007) Filtering 728 
processes in the assembly of plant communities: Are species presence and abundance driven by the 729 
same traits? Journal of Vegetation Science, 18, 911–920. 730 
Cordlandwehr, V., Meredith, R.L., Ozinga, W.A., Bekker, R.M., Van Groenendael, J.M. & Bakker, J.P. (2013) 731 
Do plant traits retrieved from a database accurately predict on-site measurements? Journal of 732 
Ecology, 101, 662–670. 733 
Cornwell, W.K., Cornelissen, J.H.C., Amatangelo, K., Dorrepaal, E., Eviner, V.T., Godoy, O., Hobbie, S.E., 734 
Hoorens, B., Kurokawa, H., Pérez-Harguindeguy, N., Quested, H.M., Santiago, L.S., Wardle, D.A., 735 
Wright, I.J., Aerts, R., Allison, S.D., Van Bodegom, P., Brovkin, V., Chatain, A., Callaghan, T. V., Díaz, 736 
S., Garnier, E., Gurvich, D.E., Kazakou, E., Klein, J.A., Read, J., Reich, P.B., Soudzilovskaia, N.A., 737 
Vaieretti, M.V. & Westoby, M. (2008) Plant species traits are the predominant control on litter 738 
decomposition rates within biomes worldwide. Ecology Letters, 11, 1065–1071. 739 
Craine, J.M., Brookshire, E.N.J., Cramer, M.D., Hasselquist, N.J., Koba, K., Marin-Spiotta, E. & Wang, L. 740 
(2015) Ecological interpretations of nitrogen isotope ratios of terrestrial plants and soils. Plant and 741 
Soil, 396, 1–26. 742 
Debastiani, V.J. & Pillar, V.D. (2012) Syncsa-R tool for analysis of metacommunities based on functional 743 
traits and phylogeny of the community components. Bioinformatics, 28, 2067–2068. 744 
27 
 
Dias, A.T.C., Berg, M.P., de Bello, F., Van Oosten, A.R., Bílá, K. & Moretti, M. (2013) An experimental 745 
framework to identify community functional components driving ecosystem processes and services 746 
delivery ed S. Lavorel. Journal of Ecology, 101, 29–37. 747 
Díaz, S. & Cabido, M. (2001) Vive la différence: Plant functional diversity matters to ecosystem processes. 748 
Trends in Ecology and Evolution, 16, 646–655. 749 
Diaz, S., Hodgson, J.G., Thompson, K., Cabido, M., Cornelissen, J.H.C., Jalili, A., Montserrat-Marti, G., 750 
Grime, J.P., Zarrinkamar, F., Asri, Y., Band, S.R., Basconcelo, S., Castro-Diez, P., Funes, G., Hamzehee, 751 
B., Khoshnevi, M., Perez-Harguindeguy, N., Perez-Rontome, M.C., Shirvany, F. a, Vendramini, F., 752 
Yazdani, S., Abbas-Azimi, R., Bogaard, A., Boustani, S., Charles, M., Dehghan, M., de Torres-Espuny, 753 
L., Falczuk, V., Guerrero-Campo, J., Hynd, A., Jones, G., Kowsary, E., Kazemi-Saeed, F., Maestro-754 
Martinez, M., Romo-Diez, A., Shaw, S., Siavash, B., Villar-Salvador, P. & Zak, M.R. (2004) The plant 755 
traits that drive ecosystems: Evidence from three continents. Journal of Vegetation Science, 15, 756 
295–304. 757 
Díaz, S., Kattge, J., Cornelissen, J.H.C., Wright, I.J., Lavorel, S., Dray, S., Reu, B., Kleyer, M., Wirth, C., 758 
Prentice, I.C., Garnier, E., Bönisch, G., Westoby, M., Poorter, H., Reich, P.B., Moles, A.T., Dickie, J., 759 
Gillison, A.N., Zanne, A.E., Chave, J., Wright, S.J., Sheremet’ev, S.N., Jactel, H., Christopher, B., 760 
Cerabolini, B., Pierce, S., Shipley, B., Kirkup, D., Casanoves, F., Joswig, J.S., Günther, A., Falczuk, V., 761 
Rüger, N., Mahecha, M.D. & Gorné, L.D. (2016) The global spectrum of plant form and function. 762 
Nature, 529. 763 
Díaz, S., Lavorel, S., de Bello, F., Quétier, F., Grigulis, K. & Robson, T.M. (2007) Incorporating plant 764 
functional diversity effects in ecosystem service assessments. Proceedings of the National Academy 765 
of Sciences of the United States of America, 104, 20684–20689. 766 
Didan, K. (2015) MOD13Q1 MODIS/Terra Vegetation Indices 16-Day L3 Global 250m SIN Grid V006. 767 
Domínguez, M.T., Aponte, C., Pérez-Ramos, I.M., García, L. V., Villar, R. & Marañón, T. (2012) Relationships 768 
between leaf morphological traits, nutrient concentrations and isotopic signatures for 769 
Mediterranean woody plant species and communities. Plant and Soil, 357, 407–424. 770 
Ebeling, A., Pompe, S., Baade, J., Eisenhauer, N., Hillebrand, H., Proulx, R., Roscher, C., Schmid, B., Wirth, 771 
C. & Weisser, W.W. (2014) A trait-based experimental approach to understand the mechanisms 772 
underlying biodiversity-ecosystem functioning relationships. Basic and Applied Ecology, 15, 229–773 
240. 774 
Eisenhauer, N., Barnes, A.D., Cesarz, S., Craven, D., Ferlian, O., Gottschall, F., Hines, J., Sendek, A., Siebert, 775 
J., Thakur, M.P. & Türke, M. (2016) Biodiversity–ecosystem function experiments reveal the 776 
mechanisms underlying the consequences of biodiversity change in real world ecosystems. Journal 777 
of Vegetation Science, 27, 1061–1070. 778 
Farquhar, G.D., Buckley, T.N. & Miller, J.M. (2002) Optimal stomatal control in relation to leaf area and 779 
nitrogen content. Silva Fennica, 36, 625–637. 780 
Fonseca, C.R., Overton, J.M., Collins, B. & Westoby, M. (2000) Shifts in trait-combinations along rainfall 781 
and phosphorus gradients. , 964–977. 782 
Freschet, G.T., Cornelissen, J.H.C., van Logtestijn, R.S.P. & Aerts, R. (2010) Evidence of the ‘plant 783 
economics spectrum’ in a subarctic flora. Journal of Ecology, 98, 362–373. 784 
Freschet, G.T., Cornwell, W.K., Wardle, D.A., Elumeeva, T.G., Liu, W., Jackson, B.G., Onipchenko, V.G., 785 
Soudzilovskaia, N.A., Tao, J. & Cornelissen, J.H.C. (2013) Linking litter decomposition of above- and 786 
below-ground organs to plant-soil feedbacks worldwide. Journal of Ecology, 101, 943–952. 787 
Garnier, E. et al. (2004) Pant functional markers capture ecosystem properties during secondary 788 
successsion. Ecology, 85, 2630–2637. 789 
Garnier, E., Navas, M.-L. & Grigulis, K. (2016) Plant Functional Diversity: Organism Traits, Community 790 
Structure, and Ecosystem Properties. Oxford University Press. 791 
28 
 
Gaudet, C.L. & Keddy, P. a. (1988) A comparative approach to predicting competitive ability from plant 792 
traits. Nature, 334, 242–243. 793 
Google Earth Engine Team. (2015) Google Earth Engine: A planetary-scale geo-spatial analysis, 794 
https://earthengine.google.com 795 
Grace, J.B., Anderson, T.M., Smith, M.D., Seabloom, E., Andelman, S.J., Meche, G., Weiher, E., Allain, L.K., 796 
Jutila, H., Sankaran, M., Knops, J., Ritchie, M. & Willig, M.R. (2007) Does species diversity limit 797 
productivity in natural grassland communities? Ecology Letters, 10, 680–689. 798 
Graham, M.H. (2003) Confronting multicollinearity in ecological multiple regression. Ecology, 84, 2809–799 
2815. 800 
Grigulis, K., Lavorel, S., Krainer, U., Legay, N., Baxendale, C., Dumont, M., Kastl, E., Arnoldi, C., Bardgett, 801 
R.D., Poly, F., Pommier, T., Schloter, M., Tappeiner, U., Bahn, M. & Clément, J.C. (2013) Relative 802 
contributions of plant traits and soil microbial properties to mountain grassland ecosystem services. 803 
Journal of Ecology, 101, 47–57. 804 
Grime, J.P. (1998) Benefits of plant diversity to ecosystems: Immediate, filter and founder effects. Journal 805 
of Ecology, 86, 902–910. 806 
Guo, L., Cheng, J., Luedeling, E., Koerner, S.E., He, J.S., Xu, J., Gang, C., Li, W., Luo, R. & Peng, C. (2017) 807 
Critical climate periods for grassland productivity on China’s Loess Plateau. Agricultural and Forest 808 
Meteorology, 233, 101–109. 809 
Güsewell, S. (2004) N:P ratios in terrestrial plants: Variation and functional significance. New Phytologist, 810 
164, 243–266. 811 
Hampton, S.E., Strasser, C.A., Tewksbury, J.J., Gram, W.K., Budden, A.E., Batcheller, A.L., Duke, C.S. & 812 
Porter, J.H. (2013) Big data and the future of ecology. Frontiers in Ecology and the Environment, 11, 813 
156–162. 814 
Hector, A. & Bagchi, R. (2007) Biodiversity and ecosystem multifunctionality. Nature, 448, 188–190. 815 
Hector, A., Schmid, B., Beierkuhnlein, C., Caldeira, M.C., Diemer, M., Dimitrakopoulos, P.G., Finn, J.A., 816 
Freitas, H., Giller, P.S., Good, J., Harris, R., Hogberg, P., Huss-Danell, K., Joshi, J., Jumpponen, A., 817 
Korner, C., Leadley, P.W., Loreau, M., Minns, A., Mulder, C.P.H., O’Donovan, G., Otway, S.J., Pereira, 818 
J.S., Prinz, A., Read, D.J., Et, M., Schulze, E.-D., Siamantziouras, A.-S.D., Spehn, E.M., Terry, A.C., 819 
Troumbis, A.Y., Woodward, F.I., Yachi, S., Lawton, J.H., Naeem, S., Thompson, L.J., Lawler, S.P., 820 
Lawton, J.H., Woodfin, R.M., Naeem, S., Håkansson, K., Lawton, J.H., Crawley, M.J., Thompson, L.J., 821 
Symstad, A.J., Tilman, D., Willson, J., Knops, J.M.H., Tilman, D., Wedin, D., Knops, J.M.H., Tilman, D., 822 
Hooper, D.U., Vitousek, P.M., Hooper, D.U., Hooper, D.U., Vitousek, P.M., Allison, G.W., Huston, 823 
M.A., Grime, J.P., Aarssen, L.W., Hodgson, J.G., Thompson, K., Wilson, P.J., Bogaard, A., Hector, A., 824 
Loreau, M., Lawton, J.H., Naeem, S., Thompson, L.J., Hector, A., Crawley, M.J., Diemer, M., Joshi, J., 825 
Körner, C., Schmid, B., Spehn, E.M., Mulder, C.P.H., Koricheva, J., Huss-Danell, K., Högberg, P., Joshi, 826 
J., Tilman, D., Lehman, C.L., Thomson, K.T., Givnish, T.J., Tilman, D., Allison, G.W., Loreau, M., 827 
Huston, M.A., Lawton, J.H., Naeem, S., Lawton, J.H., Lindsey, L.J., Lawler, S.P., Woodfin, R.M., 828 
Schläpfer, F., Schmid, B., Seidl, I., Wardle, D.A., Zackrisson, O., Hörnberg, G., Gallet, C., Tilman, D., 829 
Garnier, E., Navas, M.-L., Austin, M.P., Lilley, J.M., Gifford, R.M. & Loreau, M. (1999) Plant Diversity 830 
and Productivity Experiments in European Grasslands. Science, 286, 1123–1127. 831 
Hooper, D.U., Chapin, F.S., Ewel, J.J., Hector, A., Inchausti, P., Lavorel, S., Lawton, J.H., Lodge, D.M., Loreau, 832 
M., Naeem, S., Schmid, B., Setälä, H., Symstad, A.J., Vandermeer, J. & Wardle, D.A. (2005) Effects of 833 
biodiversity on ecosystem functioning: A consensus of current knowledge. Ecological Monographs, 834 
75, 3–35. 835 
Hortal, J., de Bello, F., Diniz-Filho, J.A.F., Lewinsohn, T.M., Lobo, J.M. & Ladle, R.J. (2014) Seven Shortfalls 836 
that Beset Large-Scale Knowledge of Biodiversity. Annual Review of Ecology, Evolution, and 837 
Systematics, 46, annurev-ecolsys-112414-054400. 838 
Houborg, R., Fisher, J.B. & Skidmore, A.K. (2015) Advances in remote sensing of vegetation function and 839 
29 
 
traits. International Journal of Applied Earth Observation and Geoinformation, 43, 1–6. 840 
Jarvis, A. & Davies, W. (1998) The coupled response of stomatal conductance to photosynthesis and 841 
transpiration. Journal of Experimental Botany, 49, 399–406. 842 
Jiang, F., Xun, Y., Cai, H. & Jin, G. (2017) Coordination and Determinants of Leaf Community Economics 843 
Spectrum for Canopy Trees and Shrubs in a Temperate Forest in Northeastern China. Forests, 8, 202. 844 
Karger, D.N., Conrad, O., Böhner, J., Kawohl, T., Kreft, H., Soria-Auza, R.W., Zimmermann, N.E., Linder, H.P. 845 
& Kessler, M. (2016) CHELSA climatologies at high resolution for the earth’s land surface areas 846 
(Version 1.1). World Data Center for Climate (WDCC) at DKRZ. 847 
Kattge, J., Díaz, S., Lavorel, S., Prentice, I.C., Leadley, P., Bönisch, G., Garnier, E., Westoby, M., Reich, P.B., 848 
Wright, I.J., Cornelissen, J.H.C., Violle, C., Harrison, S.P., Van Bodegom, P.M., Reichstein, M., Enquist, 849 
B.J., Soudzilovskaia, N.A., Ackerly, D.D., Anand, M., Atkin, O., Bahn, M., Baker, T.R., Baldocchi, D., 850 
Bekker, R., Blanco, C.C., Blonder, B., Bond, W.J., Bradstock, R., Bunker, D.E., Casanoves, F., Cavender-851 
Bares, J., Chambers, J.Q., Chapin, F.S., Chave, J., Coomes, D., Cornwell, W.K., Craine, J.M., Dobrin, 852 
B.H., Duarte, L., Durka, W., Elser, J., Esser, G., Estiarte, M., Fagan, W.F., Fang, J., Fernández-Méndez, 853 
F., Fidelis, A., Finegan, B., Flores, O., Ford, H., Frank, D., Freschet, G.T., Fyllas, N.M., Gallagher, R. V., 854 
Green, W.A., Gutierrez, A.G., Hickler, T., Higgins, S.I., Hodgson, J.G., Jalili, A., Jansen, S., Joly, C.A., 855 
Kerkhoff, A.J., Kirkup, D., Kitajima, K., Kleyer, M., Klotz, S., Knops, J.M.H., Kramer, K., Kühn, I., 856 
Kurokawa, H., Laughlin, D., Lee, T.D., Leishman, M., Lens, F., Lenz, T., Lewis, S.L., Lloyd, J., Llusià, J., 857 
Louault, F., Ma, S., Mahecha, M.D., Manning, P., Massad, T., Medlyn, B.E., Messier, J., Moles, A.T., 858 
Müller, S.C., Nadrowski, K., Naeem, S., Niinemets, Ü., Nöllert, S., Nüske, A., Ogaya, R., Oleksyn, J., 859 
Onipchenko, V.G., Onoda, Y., Ordoñez, J., Overbeck, G., Ozinga, W.A., Patiño, S., Paula, S., Pausas, 860 
J.G., Peñuelas, J., Phillips, O.L., Pillar, V., Poorter, H., Poorter, L., Poschlod, P., Prinzing, A., Proulx, R., 861 
Rammig, A., Reinsch, S., Reu, B., Sack, L., Salgado-Negret, B., Sardans, J., Shiodera, S., Shipley, B., 862 
Siefert, A., Sosinski, E., Soussana, J.F., Swaine, E., Swenson, N., Thompson, K., Thornton, P., 863 
Waldram, M., Weiher, E., White, M., White, S., Wright, S.J., Yguel, B., Zaehle, S., Zanne, A.E. & Wirth, 864 
C. (2011) TRY - a global database of plant traits. Global Change Biology, 17, 2905–2935. 865 
De Keersmaecker, W., Lhermitte, S., Honnay, O., Farifteh, J., Somers, B. & Coppin, P. (2014) How to 866 
measure ecosystem stability? An evaluation of the reliability of stability metrics based on remote 867 
sensing time series across the major global ecosystems. Global Change Biology, 20, 2149–2161. 868 
Khalilzadeh, J. & Tasci, A.D.A. (2017) Large sample size, significance level, and the effect size: Solutions to 869 
perils of using big data for academic research. Tourism Management, 62, 89–96. 870 
King, D.A. (1990) The Adaptive Significance of Tree Height. The American Naturalist, 135, 809–828. 871 
Körner, C., Jetz, W., Paulsen, J., Payne, D., Rudmann-Maurer, K. & M. Spehn, E. (2017) A global inventory 872 
of mountains for bio-geographical applications. Alpine Botany, 127, 1–15. 873 
de la Riva, E.G., Tosto, A., Pérez-Ramos, I.M., Navarro-Fernández, C.M., Olmo, M., Anten, N.P.R., Marañón, 874 
T. & Villar, R. (2016) A plant economics spectrum in Mediterranean forests along environmental 875 
gradients: Is there coordination among leaf, stem and root traits? Journal of Vegetation Science, 27, 876 
187–199. 877 
Lantz, B. (2013) The large sample size fallacy. Scandinavian Journal of Caring Sciences, 27, 487–492. 878 
Laughlin, D.C. (2014) The intrinsic dimensionality of plant traits and its relevance to community assembly. 879 
Journal of Ecology, 102, 186–193. 880 
Lavorel, S. (2013) Plant functional effects on ecosystem services ed M. Hutchings. Journal of Ecology, 101, 881 
4–8. 882 
Lavorel, S. & Garnier, E. (2002) Predicting changes in community composition and ecosystem functioning 883 
from plant traits: revisting the Holy Grail. Functional Ecology, 16, 545–556. 884 
Lepš, J., de Bello, F., Lavorel, S. & Berman, S. (2006) Quantifying and interpreting functional diversity of 885 
natural communities: Practical considerations matter. Preslia, 78, 481–501. 886 
30 
 
McGill, B.J., Dornelas, M., Gotelli, N.J. & Magurran, A.E. (2015) Fifteen forms of biodiversity trend in the 887 
anthropocene. Trends in Ecology and Evolution, 30, 104. 888 
Mokany, K., Ash, J. & Roxburgh, S. (2008) Functional identity is more important than diversity in 889 
influencing ecosystem processes in a temperate native grassland. Journal of Ecology, 96, 884–893. 890 
Moles, A.T. & Leishman, M. (2008) The seedling as part of a plant ’ s life history strategy. Seedling ecology 891 
and evolution, 215–235. 892 
Moles, A.T. & Westoby, M. (2006) Seed size and plant strategy across the whole life cycle. Oikos, 113, 91–893 
105. 894 
Mood, A.M. (1969) Macro-analysis of the American educational system. Operations Research, 17, 770–895 
784. 896 
Mood, A.M. (1971) Partitioning variance in multiple regression analyses as a tool for developing learning 897 
models. American Educational Research Journal, 8, 191–202. 898 
Mouillot, D., Villéger, S., Scherer-Lorenzen, M., Mason, N.W.H. & Richers, B. (2011) Functional Structure 899 
of Biological Communities Predicts Ecosystem Multifunctionality ed T. Romanuk. PLoS ONE, 6, 900 
e17476. 901 
Musavi, T., Mahecha, M.D., Migliavacca, M., Reichstein, M., van de Weg, M.J., van Bodegom, P.M., Bahn, 902 
M., Wirth, C., Reich, P.B., Schrodt, F. & Kattge, J. (2015) The imprint of plants on ecosystem 903 
functioning: A data-driven approach. International Journal of Applied Earth Observation and 904 
Geoinformation, 43, 119–131. 905 
Musavi, T., Migliavacca, M., Reichstein, M., Kattge, J., Wirth, C., Black, T.A., Janssens, I., Knohl, A., Loustau, 906 
D., Roupsard, O., Varlagin, A., Rambal, S., Cescatti, A., Gianelle, D., Kondo, H., Tamrakar, R. & 907 
Mahecha, M.D. (2017) Stand age and species richness dampen interannual variation of ecosystem-908 
level photosynthetic capacity. Nature Ecology & Evolution, 1, 48. 909 
Musavi, T., Migliavacca, M., van de Weg, M.J., Kattge, J., Wohlfahrt, G., van Bodegom, P.M., Reichstein, 910 
M., Bahn, M., Carrara, A., Domingues, T.F., Gavazzi, M., Gianelle, D., Gimeno, C., Granier, A., 911 
Gruening, C., Havránková, K., Herbst, M., Hrynkiw, C., Kalhori, A., Kaminski, T., Klumpp, K., Kolari, P., 912 
Longdoz, B., Minerbi, S., Montagnani, L., Moors, E., Oechel, W.C., Reich, P.B., Rohatyn, S., Rossi, A., 913 
Rotenberg, E., Varlagin, A., Wilkinson, M., Wirth, C. & Mahecha, M.D. (2016) Potential and 914 
limitations of inferring ecosystem photosynthetic capacity from leaf functional traits. Ecology and 915 
Evolution, 6, 7352–7366. 916 
Newton, R.G. & Spurrell, D.J. (1967) A Development of Multiple Regression for the Analysis of Routine 917 
Data. Applied Statistics, 16, 51. 918 
Niklas, K.J. (1994) Plant Allometry: The Scaling of Form and Process. University of Chicago Press. 919 
Nimon, K., Oswald, F. & Roberts, J.K. (2013) Interpreting Regression Effects. , R Package ‘yhat’, Version 920 
2.0-0. 921 
Paruelo, J.M., Epstein, H.E., Lauenroth, W.K. & Burke, I.C. (1997) ANPP estimates from NDVI for the central 922 
grassland region of the United States. Ecology, 78, 953–958. 923 
Pérez-Ramos, I.M., Roumet, C., Cruz, P., Blanchard, A., Autran, P. & Garnier, E. (2012) Evidence for a ‘plant 924 
community economics spectrum’ driven by nutrient and water limitations in a Mediterranean 925 
rangeland of southern France. Journal of Ecology, 100, 1315–1327. 926 
Petchey, O.L. & Gaston, K.J. (2006) Functional diversity: Back to basics and looking forward. Ecology 927 
Letters, 9, 741–758. 928 
Pettorelli, N., Vik, J.O., Mysterud, A., Gaillard, J.M., Tucker, C.J. & Stenseth, N.C. (2005) Using the satellite-929 
derived NDVI to assess ecological responses to environmental change. Trends in Ecology and 930 
Evolution, 20, 503–510. 931 
La Pierre, K.J., Yuan, S., Chang, C.C., Avolio, M.L., Hallett, L.M., Schreck, T. & Smith, M.D. (2011) Explaining 932 
31 
 
temporal variation in above-ground productivity in a mesic grassland: The role of climate and 933 
flowering. Journal of Ecology, 99, 1250–1262. 934 
Pillar, V.D., Duarte, L.D.S., Sosinski, E.E. & Joner, F. (2009) Discriminating trait-convergence and trait-935 
divergence assembly patterns in ecological community gradients. Journal of Vegetation Science, 20, 936 
334–348. 937 
Podani, J. (1999) Extending Gower’s general coefficient of similarity to ordinal characters. Taxon, 48, 331–938 
340. 939 
R Core team. (2015) R Core Team. R: A Language and Environment for Statistical Computing. R Foundation 940 
for Statistical Computing , Vienna, Austria. ISBN 3-900051-07-0, URL http://www.R-project.org/., 941 
55, 275–286. 942 
Rao, C.R. (1982) Diversity and dissimilarity coefficients: A unified approach. Theoretical Population 943 
Biology, 21, 24–43. 944 
Ray-Mukherjee, J., Nimon, K., Mukherjee, S., Morris, D.W., Slotow, R. & Hamer, M. (2014) Using 945 
commonality analysis in multiple regressions: A tool to decompose regression effects in the face of 946 
multicollinearity. Methods in Ecology and Evolution, 5, 320–328. 947 
Rees, M. & Venable, D.L. (2007) Why do big plants make big seeds? Journal of Ecology, 95, 926–936. 948 
Reich, P.B. (2014) The world-wide ‘fast-slow’ plant economics spectrum: A traits manifesto. Journal of 949 
Ecology, 102, 275–301. 950 
Reich, P.B., Walters, M.B. & Ellsworth, D.S. (1997) From tropics to tundra: Global convergence in plant 951 
functioning. Ecology, 94, 13730–13734. 952 
Reichstein, M., Bahn, M., Mahecha, M.D., Kattge, J. & Baldocchi, D.D. (2014) Linking plant and ecosystem 953 
functional biogeography. Proceedings of the National Academy of Sciences, 111, 201216065. 954 
Ricotta, C. & Moretti, M. (2011) CWM and Rao’s quadratic diversity: A unified framework for functional 955 
ecology. Oecologia, 167, 181–188. 956 
Roscher, C., Schumacher, J., Lipowsky, A., Gubsch, M., Weigelt, A., Pompe, S., Kolle, O., Buchmann, N., 957 
Schmid, B. & Schulze, E.-D. (2013) A functional trait-based approach to understand community 958 
assembly and diversity–productivity relationships over 7 years in experimental grasslands. Journal 959 
of PPEES Sources, 15, 139–149. 960 
Rouse, J.W., Hass, R.H., Shell, J.A. & Deering, D.W. (1974) Monitoring vegetation systems in the Great 961 
Plains with ERTS-1. Third Earth Resources Technologhy Satellite Symposium, 351, 309–317. 962 
Running, S.W. (1990) Estimating terrestrial primary productivity by combining remote sensing and 963 
ecosystem simulation. Remote Sensing of Biosphere Functioning, pp. 65–86. Springer New York. 964 
Sala, A.O.E., Parton, W.J., Joyce, L.A. & Lauenroth, W.K. (1988) Primary Production of the Central 965 
Grassland Region of the United States. Ecology, 69, 40–45. 966 
Schrodt, F., Kattge, J., Shan, H., Fazayeli, F., Joswig, J., Banerjee, A., Reichstein, M., B??nisch, G., D??az, S., 967 
Dickie, J., Gillison, A., Karpatne, A., Lavorel, S., Leadley, P., Wirth, C.B., Wright, I.J., Wright, S.J. & 968 
Reich, P.B. (2015) BHPMF - a hierarchical Bayesian approach to gap-filling and trait prediction for 969 
macroecology and functional biogeography. Global Ecology and Biogeography, 24, 1510–1521. 970 
Schultz, J. (2005) The Ecozones of the World: The Ecological Divisions of the Geosphere. Springer-Verlag 971 
Berlin Heidelberg. 972 
Schumacher, J. & Roscher, C. (2009) Differential effects of functional traits on aboveground biomass in 973 
semi-natural grasslands. Oikos, 118, 1659–1668. 974 
Smith, C.C. & Fretwell, S.D. (1974) The optimal balance between size and number of offspring. American 975 
Naturalist, 108, 499–506. 976 
32 
 
Spasojevic, M.J., Bahlai, C.A., Bradley, B.A., Butterfield, B.J., Tuanmu, M.N., Sistla, S., Wiederholt, R. & 977 
Suding, K.N. (2016) Scaling up the diversity-resilience relationship with trait databases and remote 978 
sensing data: The recovery of productivity after wildfire. Global Change Biology, 22, 1421–1432. 979 
Thompson, Askew, Grime, Dunnett & Willis. (2005) Biodiversity , ecosystem function and plant traits in 980 
mature and immature plant communities. Functional Ecology, 19, 355–358. 981 
Thompson, K. & Rabinowitz, D. (1989) Do Big Plants Have Big Seeds? The American Naturalist, 133, 722–982 
728. 983 
Tilman, D.G., Wedin, D. & Knops, J. (1996) Productivity and sustainability influenced by biodiversity in 984 
grassland ecosystems. Nature, 379, 718–720. 985 
Ustin, S.L., Roberts, D.A., Gamon, J.A., Asner, G.P. & Green, R.O. (2004) Using Imaging Spectroscopy to 986 
Study Ecosystem Processes and Properties. BioScience, 54, 523. 987 
Valencia, E., Maestre, F.T., Le Bagousse-Pinguet, Y., Quero, J.L., Tamme, R., Börger, L., García-Gómez, M. 988 
& Gross, N. (2015) Functional diversity enhances the resistance of ecosystem multifunctionality to 989 
aridity in Mediterranean drylands. New Phytologist, 206, 660–671. 990 
Verheyen, K., Bulteel, H., Palmborg, C., Olivié, B., Nijs, I., Raes, D. & Muys, B. (2008) Can complementarity 991 
in water use help to explain diversity-productivity relationships in experimental grassland plots? 992 
Oecologia, 156, 351–361. 993 
Violle, C., Garnier, E., Lecoeur, J., Roumet, C., Podeur, C., Blanchard, A. & Navas, M.L. (2009) Competition, 994 
traits and resource depletion in plant communities. Oecologia, 160, 747–755. 995 
Westoby, M. (1998) A leaf-height-seed (LHS) plant ecology strategy scheme. Plant and Soil, 199, 213–227. 996 
Westoby, M., Falster, D.S., Moles, A.T., Vesk, P.A. & Wright, I.J. (2002) PLANT ECOLOGICAL STRATEGIES: 997 
Some Leading Dimensions of Variation Between Species. Annual Review of Ecology and Systematics, 998 
33, 125–159. 999 
Wheeler, B. & Torchiano, M. (2016) Permutation Tests for Linear Models. R Package ‘lmPerm’ Version 1000 
2.1.0. 1001 
Wilson, P.J., Thompson, K. & Hodgson, J.G. (1999) Specific leaf area and dry leaf matter content as 1002 
alternative predictors of plant strategies. New Phytologist, 143, 155–162. 1003 
Wright, S.J., Kitajima, K., Kraft, N.J.B., Reich, P.B., Wright, I.J., Bunker, D.E., Condit, R., Dalling, J.W., Davies, 1004 
S.J., DíAz, S., Engelbrecht, B.M.J., Harms, K.E., Hubbell, S.P., Marks, C.O., Ruiz-Jaen, M.C., Salvador, 1005 
C.M. & Zanne, A.E. (2010) Functional traits and the growth-mortality trade-off in tropical trees. 1006 
Ecology, 91, 3664–3674. 1007 
Wright, I.J., Westoby, M., Reich, P.B., Oleksyn, J., Ackerly, D.D., Baruch, Z., Bongers, F., Cavender-Bares, J., 1008 
Chapin, T., Cornellissen, J.H.C., Diemer, M., Flexas, J., Gulias, J., Garnier, E., Navas, M.L., Roumet, C., 1009 
Groom, P.K., Lamont, B.B., Hikosaka, K., Lee, T., Lee, W., Lusk, C., Midgley, J.J., Niinemets, Ü., Osada, 1010 
H., Poorter, H., Pool, P., Veneklaas, E.J., Prior, L., Pyankov, V.I., Thomas, S.C., Tjoelker, M.G. & Villar, 1011 
R. (2004) The worldwide leaf economics spectrum. Nature, 428, 821–827. 1012 
Wu, J., Naeem, S., Elser, J., Bai, Y., Huang, J., Kang, L., Pan, Q., Wang, Q., Hao, S. & Han, X. (2015) Testing 1013 
biodiversity-ecosystem functioning relationship in the world’s largest grassland: overview of the 1014 
IMGRE project. Landscape Ecology, 30, 1723–1736. 1015 
Zanne, A.E., Westoby, M., Falster, D.S., Ackerly, D.D., Loarie, S.R., Arnold, S.E.J. & Coomes, D.A. (2010) 1016 
Angiosperm wood structure: Global patterns in vessel anatomy and their relation to wood density 1017 
and potential conductivity. American Journal of Botany, 97, 207–215. 1018 
Zhou, X., Guo, Z., Zhang, P., Li, H., Chu, C., Li, X. & Du, G. (2017) Different categories of biodiversity explain 1019 
productivity variation after fertilization in a Tibetan alpine meadow community. Ecology and 1020 







Figure 6: Correlation network of all 18 CWM values. 
Width of line between two traits is proportional to their pairwise Pearson correlation 
coefficient. Green stands for positive, red stands for negative correlation. This graphic was 
produced using the R package “qgraph”. 
34 
 
Table 5: Pairwise Pearson correlation between traits. 
Shown are correlations among CWM (upper triangular matrix) and Q (lower triangular matrix) 





































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 6: Pairwise Pearson correlation between model variables. 
 NDVI PCA.1 PCA.2 FD Temp Prec Lat 
NDVI_max 1 -0.653 0.143 0.477 -0.182 0.576 0.502 
PCA.1 -0.653 1 0 -0.386 0.24 -0.404 -0.519 
PCA.2 0.143 0 1 -0.114 0.329 -0.017 -0.254 
FD 0.477 -0.386 -0.114 1 -0.234 0.362 0.504 
Temp -0.182 0.24 0.329 -0.234 1 -0.056 -0.798 
Prec 0.576 -0.404 -0.017 0.362 -0.056 1 0.226 
Lat 0.502 -0.519 -0.254 0.504 -0.798 0.226 1 
 
 
